Background. Renal imaging examinations provide high-resolution information about the anatomic structure of the kidneys and are used to measure total kidney volume (TKV) in autosomal dominant polycystic kidney disease (ADPKD) patients. TKV has become the gold-standard image biomarker for ADPKD progression at early stages of the disease and is used in clinical trials to characterize treatment efficacy. Automated methods to segment the kidneys and measure TKV are desirable because of the long time requirement for manual approaches such as stereology or planimetry tracings. However, ADPKD kidney segmentation is complicated by a number of factors, including irregular kidney shapes and variable tissue signal at the kidney borders. Methods. We describe an image processing approach that overcomes these problems by using a baseline segmentation initialization to provide automatic segmentation of follow-up scans obtained years apart. We validated our approach using 20 patients with complete baseline and follow-up T 1 -weighted magnetic resonance images. Both manual tracing and stereology were used to calculate TKV, with two observers performing manual tracings and one observer performing repeat tracings. Linear correlation and Bland-Altman analysis were performed to compare the different approaches. Results. Our automated approach measured TKV at a level of accuracy (mean difference ± standard error = 0.99 ± 0.79%) on par with both intraobserver (0.77 ± 0.46%) and interobserver variability (1.34 ± 0.70%) of manual tracings. All approaches
A B S T R AC T
Background. Renal imaging examinations provide high-resolution information about the anatomic structure of the kidneys and are used to measure total kidney volume (TKV) in autosomal dominant polycystic kidney disease (ADPKD) patients. TKV has become the gold-standard image biomarker for ADPKD progression at early stages of the disease and is used in clinical trials to characterize treatment efficacy. Automated methods to segment the kidneys and measure TKV are desirable because of the long time requirement for manual approaches such as stereology or planimetry tracings. However, ADPKD kidney segmentation is complicated by a number of factors, including irregular kidney shapes and variable tissue signal at the kidney borders. Methods. We describe an image processing approach that overcomes these problems by using a baseline segmentation initialization to provide automatic segmentation of follow-up scans obtained years apart. We validated our approach using 20 patients with complete baseline and follow-up T 1 -weighted magnetic resonance images. Both manual tracing and stereology were used to calculate TKV, with two observers performing manual tracings and one observer performing repeat tracings. Linear correlation and Bland-Altman analysis were performed to compare the different approaches. Results. Our automated approach measured TKV at a level of accuracy (mean difference ± standard error = 0.99 ± 0.79%) on par with both intraobserver (0.77 ± 0.46%) and interobserver variability (1.34 ± 0.70%) of manual tracings. All approaches had excellent agreement and compared favorably with ground-truth manual tracing with interobserver, stereological and automated approaches having 95% confidence intervals ∼±100 mL. Conclusions. Our method enables fast, cost-effective and reproducible quantification of ADPKD progression that will facilitate and lower the costs of clinical trials in ADPKD and other disorders requiring accurate, longitudinal kidney quantification. In addition, it will hasten the routine use of TKV as a prognostic biomarker in ADPKD.
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I N T R O D U C T I O N
Autosomal dominant polycystic kidney disease (ADPKD) is one of the most common monogenic disorders and is a leading cause of end-stage renal disease (ESRD) [1] [2] [3] [4] . Other extrarenal manifestations of the disease such as polycystic liver disease and intracranial aneurysms may cause debilitating injury and death [5] [6] [7] [8] [9] . The natural course of ADPKD is characterized by progressive enlargement of the kidneys by cysts, with eventual destruction of renal parenchyma leading to kidney failure. Measurements of kidney function, such as glomerular filtration rate, remain within the normal range for many years, only declining in the late stages of the disease. Therefore kidney function measurements are not informative at early stages of the disease.
Total kidney volume (TKV) has become the main imagebased biomarker for following ADPKD progression in early stages of the disease [10] [11] [12] [13] [14] . Imaging methods such as ultrasound, computed tomography (CT) and magnetic resonance imaging (MRI) are thus employed to diagnose, monitor and predict outcomes for ADPKD patients [15] [16] [17] [18] . Current methods to measure TKV using medical images include volume calculation by the ellipsoidal method (requiring measurements of width, depth and sagittal/coronal length) [19] , estimation from a single middle slice image of the kidneys (requiring tracing of kidneys and the measurement of kidney area in a single slice) [20] , stereological approaches (requiring a trained image analyst to define grid points corresponding to kidney regions in cross-sectional slices covering the full extent of the kidneys) [21] and manual planimetry tracings (requiring a trained image analyst to trace the border of the kidneys in crosssectional slices for the full extent of the kidneys) [22, 23] .
Because of the long time requirements for manual tracing, automated approaches to segment kidneys are desirable. However, segmentation of ADPKD kidneys is challenging due to a number of factors. For instance, the shapes of the kidneys are highly irregular and the contrast at the border of the kidney is highly variable at the interface of several different tissue types, including fluid-filled cysts, calcified cysts, renal parenchyma and fibrotic tissue.
To overcome these problems, we developed an image processing approach to produce robust and reproducible measurement of TKV in follow-up imaging examinations given a single initialization tracing at one point in time. Our automated approach begins by registering a patient's follow-up imaging examination to their baseline examination using the coordinates contained in the digital imaging and communications in medicine header produced by the scanner, as well as a combination of affine and deformable registration approaches. These registration approaches begin by translating, scaling, rotating and shearing the image volumes to find the best overlap between the two image volumes. The anatomy is then deformed to allow changes in kidney shapes (e.g. large exophitic cyst growth) to be most closely matched. After registration, the baseline segmentation is warped onto the follow-up scan using the transformation generated by the registration process. The warped segmentation is then used as the initialization for an active contour model that finds the kidney's borders to finalize the segmentation of the follow-up examination. Following the analyst's initial segmentation, this approach is completely automated.
The algorithmic approach was validated on a dataset consisting of 20 patients, with varying disease severity, who had complete baseline and follow-up T 1 -weighted MRIs. Patient classifications were based on height-adjusted TKV and age, as developed by Irazabal et al. [19] . It has been suggested that significant volume increases in ADPKD can be detected after as little as 6 months [22] . Therefore each follow-up image was acquired at least 6 months after the corresponding baseline exam (but typically on the order of 2 years later). Both manual tracings and stereological measurements of TKV were performed.
Two observers performed manual tracings in order to characterize interobserver variability of the TKV measurements on the dataset. Furthermore, one observer repeated manual tracings for intraobserver variability quantification. To evaluate the robustness of the proposed method, our automated approach was compared with the ground-truth segmentations and both linear correlations and Bland-Altman analysis were performed to compare the alternative measurement methods to the ground-truth segmentation.
M AT E R I A L S A N D M E T H O D S

MRI data
Institutional review board approval was obtained for this study. Forty MRI exams from 20 Mayo Clinic patients with ADPKD imaged prior to ESRD were used in this study. To assemble this group of patients, we developed a careful set of criteria, as shown in Figure 1 , in order to have a standardized dataset. The MRI series were coronal liver acquisition with volume acquisition sequences, acquired with a GE scanner, with matrix size 256 × 256 × Z (with Z large enough to cover the full extent of the kidneys within the imaged volume). Image voxel sizes were on the order of 1.5 mm in-plane, with typically 3.0 mm slice thicknesses. Once these criteria were met, 20 patients with varying disease severity were randomly selected from this subset. All patients are classified as typical ADPKD cases and range from a 1A to 1E category based on heightadjusted TKV and age for ADPKD classification [19] . Patient demographics are displayed in Table 1 .
Planimetry TKV All exams were traced by two different trained medical imaging analysts in order to quantify interobserver variability and evaluate the automated approach with different baseline initializations. In order to quantify intraobserver variability, one expert also performed repeat tracings of the 20 follow-up exams with a gap of no ≥2 months to eliminate potential memory. The experts were instructed to trace both kidneys, which included renal parenchyma and all cysts including exophytic cysts. They were also instructed to exclude the renal pelvis and other hilar vascular structures. MRIcron software (http://www. mccauslandcenter.sc.edu/mricro/), which provides free-hand drawing tools, was used to perform manual tracings. TKV was then calculated as the number of voxels contained within the segmentation multiplied by the voxel volume. Measurement of TKV by one observer's planimetry tracings was used as the ground truth by which we judged the ability of our automated approach.
Stereology TKV Expert stereology data were acquired for each exam using the Analyze © software package (AnalyzeDirect, Overland Park, KS, USA) [24] . This method superimposes a grid over the image data. The stereology expert received the same instructions given for planimetry in terms of the grid points that should be included as part of the kidney structures for the measurement of TKV. The grid spacing was five voxels, and grid points were highlighted on every coronal slice. In addition, since all images were reconstructed with a matrix size of 256 × 256 with a similar field of view (leading to resolutions varying by only a few tenths of a millimeter), variation in grid resolution was minimal.
Automatic TKV Our algorithmic pipeline was written in the Python programing language, while the data were stored in a content management system. Following planimetry of the baseline exam, the follow-up scan was first registered to the baseline scan. This registration was a multistep approach, combining affine and SyN deformable registrations within the Advanced Normalization Toolkit [25] through the Python-based interface Nipype [26] . This registration approach first uses coordinates contained within the DICOM headers to position the follow-up scan in the same image space as the baseline scan. Next, translation, rotation, scaling and shearing transformations are performed to seek the best overlap between the two images. Finally, deformations are applied that allow regions to grow or contract while image similarity metrics are computed. The F I G U R E 1 : Method for the development of the patient subset used in both the index and reference tests. 
O R I G I N A L A R T I C L E
A u t o m a t e d m e a s u r e m e n t o f t o t a l k i d n e y v o l u m e F I G U R E 2 : Snapshots of the algorithmic approach for automatic measurement of TKV in T 1 -weighted images of follow-up ADPKD patient examinations. The approach begins with the baseline scan (a) and follow-up scan (b). The follow-up scan is then registered to the baseline scan using the approach described in the Methods section (c). The purple/green regions highlight slight misalignment. Using the information from the registration procedure, the baseline segmentation (d) is warped onto the follow-up scan (e). This warped segmentation is then used as an initialization for the refinement approach that was developed to finalize the follow-up segmentation (f ). registration metrics included a combination strategy using Mattes mutual information and cross-correlation with histogram matching. This approach allows both overlap of bulk anatomical features and also (and perhaps most importantly) changes in cyst size and shape. Following registration, an inverse warp was utilized to deform the baseline segmentation onto the follow-up scan. This inverse warp uses the transformation found from the registration process (including the calculated translation, scaling, deformation etc.) to map the baseline segmentation onto the follow-up scan. A morphological geodesic active contour model [27] was then used to finalize the segmentation. This technique is popular in edge detection applications, particularly when confronted with noisy or indefinite borders. Finally, automatic measurement of TKV was performed from the computed segmentations by multiplying the number of determined kidney voxels by the voxel volume (the same as was done for planimetry tracings).
Segmentation accuracy evaluation
Comparison statistics were generated from the manual planimetry tracings to quantify both intraobserver and interobserver variability, as well as compare measurements made by the different methods of planimetry tracing and stereology. The same tracing by the first observer was used as the ground truth in all cases. Both linear correlation and Bland-Altman analysis were performed to compare the alternative measurement methods to the ground truth.
R E S U LT S
Automated approach
Automatic segmentation of the follow-up examinations was successfully obtained in all cases. Figure 2 displays snapshots during the steps of the fully automated algorithmic approach F I G U R E 4 : Linear relationship of TKV between alternative measurement methods and the ground-truth planimetry tracings. Both axes are plotted on a logarithmic scale. p1t1, planimetry tracing by first observer, first time; p1t2, planimetry tracing by first observer, second time; p2, planimetry tracing by second observer; a1, automated approach initialized by first observer tracing; a2, automated approach initialized by second observer.
O R I G I N A L A R T I C L E
A u t o m a t e d m e a s u r e m e n t o f t o t a l k i d n e y v o l u m e applied to a follow-up exam. The figure shows both the baseline image (green) and follow-up image ( purple). Also shown is the follow-up image registered to the baseline image. Good overlap between the two images can be seen, with small regions of disagreement visualized as either green or purple. Next, the baseline segmentation is shown followed by the initial follow-up segmentation and finalized segmentation obtained by application of the morphological geodesic active contour modeling approach. This algorithmic workflow was applied to all followup cases and the resulting segmentations were then compared both visually and quantitatively and used to calculate TKV.
Segmentation comparisons
Visually, good agreement was obtained between all of the approaches used in this study. Shown in Figure 3 are example images for three different patients (left column) and segmentations comparing the two different observers (middle column) and the automated method compared with the ground truth (right column). Note how the automated approach is virtually indistinguishable from the degree of mismatch also seen for two different observers performing manual segmentation of the same kidneys.
Measurement of TKV
The automated approach measured TKV with similar accuracy to TKV measurements from different observers. The mean ± standard error for intraobserver variability was 0.77 ± 0.46%, for interobserver variability was 1.34 ± 0.70%, for stereology was −8.26 ± 0.99% and for the automated approach was 0.99 ± 0.79%. In general, comparisons between measurement methods compared favorably, as shown in Figure 4 , where the linear relationship between the various methods is displayed. Figure 5 shows the results of the Bland-Altman analysis of TKV between alternative measurement methods and the ground-truth F I G U R E 5 : Bland-Altman analysis of TKV between alternative measurement methods for the same comparisons made in Figure 4 . The mean difference (solid line) and 95% confidence intervals (dotted lines) are also shown. All measurement methods had confidence intervals of ∼±100 mL, except intraobserver, which had a confidence interval of ±34 mL, and the automated approach initialized by two different observers' baseline segmentations, which had a confidence interval of ±54 mL. Also, stereology measured TKVs much smaller (∼100 mL on average) compared with manual planimetry tracings. planimetry tracings. Intraobserver variation had a mean difference of −9.7 mL and 95% confidence interval of ±34.3 mL. Interobserver variation was 24.1 ± 110.9 mL. Stereology compared with ground-truth segmentation was −104.8 ± 112.7 mL. The automated approach initialized by the first observer was 17.8 ± 98.3 mL. The automated approach initialized by the second observer was 2.4 ± 107.5 mL and the automated approach compared when initialized by two different observers was 8.7 ± 54.3 mL.
D I S C U S S I O N
Our automatic registration-based segmentation approach offers a fast and accurate method to measure the TKV imaging biomarker for patients followed with longitudinal medical imaging examinations. This automation allows for robust study repeatability and removal of user bias in segmentations and measurement of TKV. The automatic segmentation has useful clinical applications such as following progression of the disease as well as judging the effectiveness of interventions. It has been shown that the percent volume change in ADPKD averages around 5.5%/year [18, 22] , so the percent error of our automated approach (<2%) can confidently measure changes in TKV. Considering the range of TKV measurements for ADPKD patients, the variability of TKV measurements by the different methods appears insignificant. However, the automated approach was computed in a matter of minutes, whereas stereology took 30-60 min and manual segmentations took 45-90 min. In addition, the automated approach initialized by two different observers had variability on the order of the same person doing tracings at different times. Note also that accurate measurement of TKV is currently only available and utilized in research settings [28] . Thus our method could enable the routine clinical use of TKV data. Segmentation of abdominal images is challenging due to motion artifacts because of elastic deformation during breathing. Automation of abdominal organ segmentation has largely focused on CT images, particularly of the liver [29] [30] [31] [32] , with far less attention paid to kidney segmentation [33] [34] [35] . MRI scans pose additional difficulties in terms of automatic segmentation tasks, as the soft tissue contrast results in highly variable signal within the kidneys, especially in the case of ADPKD kidneys that exhibit fluid-filled or calcified cysts with highly variable image intensities and bulbous morphology.
Measurement of TKV is commonly performed on T 1 -weighted images [36] . The main reason for this is that they are typically acquired in a single breath hold with relatively thin (∼3 mm) slices, eliminating elastic motion artifacts that lead to a perceived higher quality of these images compared with other pulse sequences. However, other sequences such as T 2 -weighted MR images offer superior contrast for visual delineation of fluid-filled cysts [22] . Image analysts will typically reference multiple image sequences to guide the decision of what is and what is not kidney. When available, multiple image sequences could be incorporated within the current approach, including using machine learning approaches that could be trained on multiple registered baseline image examinations (e.g. T 1 -and T 2 -weighted images) and this information could be applied to guide both registration and refinement of the segmentation.
Although this article presents results of a study on a single imaging modality, this approach could be easily applied to other imaging sequences. For instance, in the case of T 2 -weighted images, fluid-filled cysts become bright, often making kidney borders more clear. It is likely that relatively mild modifications to the current approach could optimize its use for different image sequences (e.g. CT or T 2 -weighted MRI) or other applications following abdominal pathology over time (e.g. polycystic liver disease).
While the developed approach appears very promising, there exist some limitations that would still likely require a final quality check by a trained imaging analyst. For instance, exophitic cysts that change kidney border shape drastically between the baseline and follow-up exam proved difficult for the registration approach. Fortunately, this issue is fairly well alleviated by the post-processing strategy used here to detect kidney borders. In addition, image quality can affect the accuracy of the results. For best application, a consistent image sequence acquisition should be used at all exam time points. Finally, this software is being released as open access under the name PyCysticImage in order to make it available to the scientific and clinical communities.
AC K N OW L E D G E M E N T S
This work was supported by the National Institute of Diabetes and Digestive and Kidney Diseases under NIH grant/award P30 DK090728 'Mayo Translational PKD Center (MTPC)' and NCI grant U01 CA160045 QIN.
CO N F L I C T O F I N T E R E S T S TAT E M E N T
None declared.
R E F E R E N C E S
